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Abstract. A novel procedure for data-driven enhancement of informative signal is presented in 
this paper. The introduced methodology covers decomposition of the signal via time-frequency 
spectrogram into set of narrowband sub-signals. Furthermore, each of the sub-signals is 
considered as a sample of independent identically distributed random variables and we model the 
distribution of the sample, in contrast to the classical methodology where the simple statistics, for 
example kurtosis, for each sub-signal was calculated. This approach provides a new perspective 
in the signal processing techniques for local damage detection. Using our methodology one can 
eliminate potential risk related to high sensitivity towards single outlier. In the proposed procedure 
we model each sub-signal in time-frequency representation by α-stable distribution. This 
distribution is a generalization of standard Gaussian one and allows us for modeling sub-signals 
related to both informative and non-informative frequencies. As a result, we obtain distribution of 
stability parameter vs. frequencies that is analogy to spectral kurtosis approach well known in the 
literature. Such characteristic is basis for filter design used for raw signal enhancement. To 
evaluate efficiency of our method we compare raw and filtered signal in time, time-frequency and 
frequency (envelope spectrum) domains. Moreover, we present comparison to the spectral kurtosis 
approach. The presented methodology we applied to simulated signal and real vibration signal 
from two stage heavy duty gearbox used in mining industry. 
Keywords: vibration, gearbox, local damage, alpha stable distribution, filtering. 
1. Introduction 
Problem of the local damage detection in heavy duty machines is currently one of the most 
investigated in the condition monitoring [1-3]. Methods used in this field are based on the different 
approaches. For example, one can use methods taking into account synchronous averaging [4], 
advanced signal filtering based on adaptive filters [5-9], AR model-based filter [10], Shur filter 
[11, 12] or several signal decompositions: by filter banks, wavelets or EMD [13-25]. Optimization 
of the filtering procedure might be done in time domain (maximizing kurtosis of the signal 
[13, 15, 16] or frequency domain (maximizing kurtosis or other statistical features for narrow 
frequency band [26, 27] or maximizing envelope spectrum results) [28, 29]. Several interesting 
review papers can be found in literature, for example [30, 31]. 
Another very promising approach is based on the cyclostationary behavior of the vibration 
signal [32-34]. However, signal acquired from the industrial machines is often non-stationary and 
has very complex structure, especially when we consider the faulty case, so to hottest direction in 
this field is cyclo-non-stationarity of the signal [35].  
Due to complexity of structure of the signal, in the literature for many proposed methods of 
local damage detection the signal is decomposed first, next analysed/modelled and finally 
processed in order to extract the informative part of the signal [3, 11, 12, 21-23, 27, 36]. Most of 
the methods of informative frequency band identification are based on the fact that time series 
from the faulty machine contained in the mentioned informative frequency band has impulsive or 
cyclostationary character. To quantify the value of the informativeness of such part measures of 
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the impulsivity/cyclostationarity were introduced. Here we mention only few of them, like 
methods concerning empirical moments, quantiles, cumulative distribution function, stochastic 
modelling techniques detection of local maxima, indicators of cyclostationarity or generalized 
detectors of modulation intensity [3, 11-13, 16, 20, 21-23, 26-29, 31, 32, 36-38]. 
In this paper we propose a method of selection of informative frequency band and local damage 
detection that is based on the enhancement of noisy vibration signal using ߙ-stable distribution 
approach [3, 39]. More precisely, we estimate the stability index for each sub-signal from 
time-frequency representation taking into account the assumption that it can be modelled by using 
ߙ-stable distribution which is an extension of the classical Gaussian one [40, 41]. In our approach 
we obtain distribution of the stability index versus frequency that provides similar picture as 
spectral kurtosis well known in the literature. In this paper we will provide a comparison of a new 
method and the spectral kurtosis-based one. On the basis of the obtained characteristic (namely 
the stability index) we can design the filter in order to enhance of the raw signal. To evaluate 
efficiency of our method we analyze the raw filtered signal in time, time-frequency and frequency 
(envelope spectrum) domains. The presented methodology we apply to the simulated as well as to 
real vibration signal from two stage heavy duty gearbox used in mining industry. 
The paper is organized as follows. In Section 2 we present in details methodology related to 
ߙ-stable distribution modelling and procedure of filter design based on this approach. In Section 3 
we analyse the simulated vibration signal in the context of the presented methodology. Fourth 
section presents the results for real vibration signal from the two-stage gearbox. Last section 
contains conclusions. 
2. Theoretical background 
In this section we present the procedure of extraction of informative part of vibration signal as 
well as the filtration technique based on it. We introduce here a novel technique that allows us to 
extract informative frequency band in order to detect the local damage. It is worth mentioning that 
by using our approach the informative frequency band will be extracted through data driven 
algorithm and it allows for automated local damage detection.  
Our method extends the classical methodology based on the spectral kurtosis [26]. Instead of 
calculating the statistics (kurtosis) for each sub-signal from time-frequency representation we 
propose to model each of the sub-signals by using the general distribution, which can be 
appropriate for both types of sub-signals, namely related to informative frequency band as well as 
not related to it. One of the possible distributions is the ߙ-stable one which is an extension of the 
Gaussian approach. Furthermore, it is worth mentioning that ߙ-stable distribution is frequently 
used for modeling of data with visible peaks/jumps, however for specific values of the stability 
parameter it reduces to the Gaussian one. Modeling of the sub-signals from the time-frequency 
representation results in the distribution of the stability index with respect to the frequencies. Such 
characteristic can be used as a basis for the filter design for raw signal enhancement. 
In the first step of the introduced method the raw signal is transformed into time-frequency 
map through the short-time Fourier transform (STFT) [42]: 
STFT(ݐ, ݂) = ෍ ݔ௞
ேିଵ
௞ୀ଴
ݓ(ݐ − ݇)݁ଶ௝గfk ே⁄ , (1)
where ݓ(ݐ − ߬) is the shifted window and ݔ௞ is the input signal. Each sub-signal corresponding 
to appropriate frequencies can be considered as a time series. Since the STFT matrix is complex, 
absolute value needs to be taken in order to obtain the spectrogram. In the proposed procedure we 
assume the sub-signals corresponding to appropriate frequencies constitute samples from ߙ-stable 
distribution. This is related to the fact that for sub-signals with impulsive behavior (i.e. related to 
informative frequency band) the stability parameter ߙ  tends to be lower than for sub-signals 
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without impulses and hence the parameter can be treated as a selector for informative frequency 
band detection. We mention, a random variable ܺ is an ߙ-stable distributed if its characteristic 
function takes the following form [43]: 
ܧ݁௜௧௑ = ൞
exp(−ߪ|ݐ| ൬1 + ݅ߚsgn(ݐ) 2ߨ + ݅ߤݐ൰ , ߙ = 1,
exp ቀ−ߪఈቚݐ|ఈ ൬1 − ߚsgn(ݐ)tan ቀߨߙ2 ቁ൰ + ݅ߤݐቁ , ߙ ≠ 1,
(2)
where ߙ (0 < ߙ ≤ 2) is stability parameter, ߚ (−1 ≤ ߚ ≤ 1) is asymmetry parameter, ߪ (ߪ > 0) 
is scale parameter and ߤ (ߤ ∈ ܴ) is location parameter.  
 
Fig. 1. Flowchart of the procedure 
In this paper we apply the regression method which is based on the characteristic function of 
the considered distribution (see Eq. (2)). After modeling of appropriate sub-signals by using stable 
distribution we obtain a set of ߙ parameters corresponding to frequencies. Next, we can design 
the filter. The filter, called later the ߙ-filter, is defined as follows: 
݂݈݅ݐ݁ݎఈ(݂) = ൫2 − ߙ(݂)൯, ݂݈݅ݐ݁ݎఈ(݂) =
݂݈݅ݐ݁ݎఈ(݂)
max(݂݈݅ݐ݁ݎఈ), (3)
where ߙ(݂) is the estimated ߙ parameter for sub-signal corresponding to frequency ݂. At the end 
the signal is filtered and its main characteristic is analyzed. In Fig. 1 we present the flowchart of 
the procedure. 
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As it was mentioned, in this paper we compare the results obtained by using the introduced 
methodology with the classical approach based on the spectral kurtosis. In the classical method 
for each time series corresponding to given frequencies in time-frequency representation 
(spectrogram) the statistic called kurtosis is calculated. We should mention, the kurtosis is often 
considered as the measure of impulsiveness and therefore it is justifiable to use it in the informative 
frequency band selection problem. The empirical kurtosis for vector of observations ݔଵ, ݔଶ,…, ݔே 
has the following form: 
෠݇ =
1
ܰ ∑ (ݔ௜ − ̅ݔ)ସே௜ୀଵ
ቀ1ܰ ∑ (ݔ௜ − ̅ݔ)ଶே௜ୀଵ ቁ
ଶ. (4)
Instead of the kurtosis the other statistics (selectors) can be calculated in order to find the 
informative frequency band. We only mention here two of them like the Jacque-Berra or 
Kolmogorov-Smirnov statistics, [27]. The mentioned selectors are constructed under the 
assumption that the distribution of sub-signal corresponding to healthy condition should be closer 
to Gaussian in comparison to distribution of sub-signal corresponding to damaged one. An 
approach proposed here is more appropriate from theoretical point of view. As it was mentioned, 
we apply here a distribution which is appropriate to sub-signals corresponding to the informative 
part as well as non-informative one [3]. 
3. Simulated data analysis 
In this section we will analyze simulated signal. Vibration signal was created with the method 
presented in [44]. Using magnitude of the impacts, time-varying structural impulse response and 
band-pass filter we obtained simulated vibrational signal. The investigated signal parameters are: 
frequency sampling 16384 Hz and 2.5 s length of the signal. The parameters of the spectrogram 
are: Kaiser window of length 500, number of overlapping samples being 475, number of samples 
used for FFT equal to 512, and frequency sampling as was mentioned. It can be seen that there 
exists cyclic damage. Moreover, there is also visible single impulse (artifact). Observing 
spectrogram, it reveals IFB around 4 kHz, high energy – low frequency band and low energy – 





Fig. 2. a) Waveform of the simulated signal  
with b) its envelope spectra 
 
Fig. 3. Spectrogram of the simulated signal 
 
In Fig. 2 there are presented both time waveform of the simulated signal and its envelope 
spectrum. It can be noticed that in time waveform impulses are not clearly visible. In Fig. 2(b) one 
can observe different components in frequency representation. Impulses related to the damage 
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have the fundamental frequency of 16.5 Hz. Combining both representations one cannot detect 
the damage. This is the motivation for the application of the novel method that allows 
enhancement of the signal. 
There is presented spectrogram of the simulated signal in Fig. 3. One can denote visible 
differences in the time-frequency structure. In 0-1,5 kHz high energy component is observable. 
Around 4 kHz structure reveals optimal frequency band containing information about fault related 
impulses. Furthermore, there is artifact present around 1 s with wideband range in frequencies. 
 
a) ߙ parameter 
 
b) ߙ filter characteristic 




Fig. 5. a) Waveform of the ߙ-filtered signal  
with b) its envelope spectra 
 
Fig. 6. Spectrogram of the ߙ-filtered signal 
 
In Fig. 4, there is presented the α-filter characteristic and values of stability parameter versus 
frequency. We can observe that for sub-signals coming from non-informative band, meaning from 
band containing no information about fault, the value of stability parameter is close to 2, where 
value of the filter characteristic would close to 0. We mention the stability index close to 2 means 
the analyzed time series can be considered as Gaussian distributed sample. According to the 
presented methodology at the final step we filter the signal by applying ߙ-filter characteristic. 
Fig. 5 contains the filtered signal in time domain and envelope spectra. It can be denoted that the 
damage can be better observable in time domain in comparison to signal before filtration, as well 
as in envelope spectra. The fundamental frequency with transparent location of its harmonics is 
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observable in Fig. 5(b). In Fig. 6 we show a time-frequency map of the signal after performing ߙ 
filtration. One can easily notice significant increase in visibility for the impulses related to the 
fault and attenuation of 0-1 kHz frequency band. 
As a comparison we apply the spectral kurtosis filtration to the simulated signal presented in 
Fig. 2. It can be seen that spectral kurtosis filter characteristic presented in Fig. 7 does not 
recognize the informative frequency band and wide-band impulse (artifact) causes the spectral 
kurtosis’ significant increase over multiple frequency bands.  
 
Fig. 7. Filter characteristic based on the spectral kurtosis approach for simulated signal 
In Fig. 8(a) we observe that in time domain artificial impulse is strongly enhanced, damage 
detection is impossible for extracted signal. Furthermore, it can be seen Fig. 8(b) that envelope 
spectrum does not provide any information about fundamental frequency of the fault with lack of 
the fundamental frequency or its harmonics. 
In Fig. 9 we see that applying filter characteristic based on the spectral kurtosis causes 
enhancement of wide-band impulse instead of enhancing the fault-related impulses. Additionally, 
it provides obsolete noise in the high-frequency band, while informative frequency band 





Fig. 8. a) Waveform of the SK-filtered signal 
with b) its envelope spectra 
 
Fig. 9. Spectrogram of the SK-filtered signal  
 
4. Real data analysis 
To prove efficiency of the proposed method we apply it also to the real vibration signal from 
complex machine operating in the harsh environment in mining industry. Measurements have been 
performed using Bruel-Kjaer Pulse system with parameters of data acquisition as follows: length 
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of the signal 2.5 s, sampling frequency equal to 8192 Hz and expected fault frequency equal to 
4.1 Hz. The signals were acquired using an accelerometer located on the gearbox housing in 
horizontal direction. The machine was normally loaded and the rotational speed was 








Fig. 11. a) Waveform of the acquired signal  
with b) its envelope spectra
 
Fig. 12. Spectrogram of the acquired signal 
 
In Fig. 11(a) the acquired vibration signal from the two-stage gearbox is presented in time 
domain. One can notice impulses, but it cannot be concluded that they come from the damage. 
Furthermore, in Fig. 11(b) we present the envelope spectra of the signal. After performing visual 
inspection of the examined gearbox, it was found that damage is localized on the tooth in 
gear-wheel mounted on second (middle) shaft in the gearbox. Damage frequency is calculated 
with the machine kinematics and localized at 4.1 Hz. As one can see, it is hard to find harmonics 
of the fundamental frequency at envelope spectra of raw signal. This is the main reason to apply 
methodology for the enhancement of the impulses related to the fault. In Fig. 12 spectrogram of 
the acquired signal is presented. We cannot easily select the informative frequency band.  
However, there were preliminary determined four frequency bands containing possible 
information which are confirmed in Fig. 13 containing ߙ-filter characteristic. Band A contains 
high energy component, band B contains impulses but with low signal to noise ratio, in band C 
one can detect few impulses but with no visible cyclicity of the impulses and finally in band D 
artifact related to the error during signal acquisition is placed. High energy and multiple impulses 
located in bands B and C provide that related informative frequency band selector is significantly 
higher in these bands. Furthermore, high energy of the artifact in band D results in increased value 
of the selector in this band. Lastly, band A contains high energy component and results in uneven 
behavior of the selector in this frequency band.  
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a) ߙ parameter 
 
b) ߙ filter characteristic
Fig. 13. Filter characteristic based on the α-stable approach for real signal 
Fig. 14 contains the filtered signal in time domain and envelope spectra. It can be denoted that 
the damage can be observable in time domain (visible cyclic impulses) as well as in envelope 
spectra. The fundamental frequency with transparent location of its harmonics we observe  
in Fig. 14(b). 
In Fig. 15 we present a time-frequency decomposition – spectrogram of the signal after 
performing ߙ-filtration. One can easily notice significant visibility for the impulses related to the 
fault resulting in increase of visibility in band B and C. Additionally, we observe attenuation of 





Fig. 14. a) Waveform of the ߙ-filtered signal  
with b) its envelope spectra 
 
Fig. 15. Spectrogram of the ߙ-filtered signal  
 
In Fig. 16 we see characteristic for the spectral kurtosis filter. It can be observed that in 
comparison to Fig. 13, value of the characteristic for the high frequency band D is very high. It is 
caused by spectral kurtosis as a statistic being highly sensitive towards single sample with high 
magnitude. Furthermore, spectral kurtosis detects informative frequency bands A, B and C but 
compared to the ߙ-filtration it does not provide as clear information. In Fig. 18 spectrogram of 
filtered signal (after application of spectral kurtosis approach) is presented. It can be observed that 
additional noise was added in high-frequency band D. Impulses being highly visible in 
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spectrogram after ߙ-filtration in 1 kHz band B are presented here with lower energy. Bands A and 
C do not contain important information after spectral kurtosis filtration. In Fig. 17 there are 
presented time waveform for the filtered signal and envelope spectrum after application of spectral 
kurtosis approach. Subsequently, compared to the ߙ-filtration, impulses in time-domain have 
lower energy resulting in lower signal to noise ratio. On the envelope spectrum, we observe 
fundamental fault frequency and its harmonics, but not as clearly as by application of the novel 
method based on ߙ-stable distribution.  
 




Fig. 17. a) Waveform of the spectral kurtosis  
filtered signal with b) its envelope spectra 
 
Fig. 18. Spectrogram of the ߙ-filtered signal  
 
5. Conclusions 
In this paper a novel method for filtering vibration signals is proposed. The filtering procedure 
was developed in order to enhance the raw vibration signal, i.e. improve its signal to noise ratio. 
The algorithm is based on the fundamental property of the informative part of the signal, meaning 
impulsivity in the certain frequency bands providing information about possible faulty state of the 
machine. The main difficulty in the modern analysis of the signal is identification of given band. 
Most of the novel methods are based on the statistical properties of the signal which is highly 
sensitive towards single impulses observable in the signal. Proposed method is based on the fitting 
of the distribution towards sub-signals coming from the frequency bands in the time-frequency 
decomposed signal. Fitted distribution, in this case ߙ -stable one, is a generalization of the 
Gaussian distribution. It allows for the modeling of both, informative and non-informative 
frequency bands. Moreover, as a distribution it is less sensitive towards single samples with high 
energy, for example artifacts.  
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In the case of machine in the healthy condition, distribution of signal (and consequently each 
sub-signal for given frequency band) is close to the Gaussian which is particular case of the  
ߙ-stable distribution with parameter ߙ close to 2. For machines in the bad condition, impulsivity 
in the signal will affect many frequency bands (energy flow in these bands will reveal impulsive 
character, too). In consequence, stability parameter will become significantly smaller than 2. 
Distribution of ߙ parameter with respect to frequency allows us to indicate so called informative 
frequency band and might be used as filter characteristic.  
Simulation results proved that new method is highly effective with high insensitivity towards 
single high-energy wideband impulse when searching for the informative frequency band. 
Additionally, it gives us the ability to strongly enhance time waveform, frequency spectrum and 
time-frequency representation when analyzing impulsive data. Application of the method for real 
vibration signals proved that both in time domain as well as in envelope spectrum signal reveals 
much clearly presence of damage. After filtering cyclic impulses are more visible in time domain. 
Also in envelope spectrum one might notice fundamental frequency together with family of 
harmonics that is clear signature of local damage in gearbox.  
Furthermore, spectral kurtosis filtration, as the classical one, is performed as a method of 
comparison. It can be observed that classical method has lower accuracy, especially in case of 
impulse with high energy present in multiple frequency bands. Such cases are often encountered 
in industry, as signals are contaminated with environmental noise. Therefore, it is essential to use 
more advanced methods to signals from industry machines. 
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